Intrinsic coupling modes (ICMs) provide a framework for describing the interactions of ongoing brain activity at multiple spatial and temporal scales. Two types of ICMs can be distinguished, namely phase ICMs arising from phase coupling of band-limited oscillatory signals, and envelope ICMs corresponding to coupled slow fluctuations of signal envelopes. These coupling modes represent a widely used concept in modern cognitive neuroscience for probing the connectional organization of intact or damaged brains. However, the principles that shape ICMs remain elusive, in particular their relation to the underlying brain structure. Here we explored ICMs from ongoing activity of multiple cortical areas recorded from awake ferrets using chronically implanted electrocorticographic (ECoG) arrays. Additionally, we obtained different structural connectivity (SC) estimates for the regions underlying the ECoG arrays. Large-scale computational models were used to explore the ability to predict both types of ICMs. We found that simple computational models based on the SC topology already reproduce the functional coupling patterns reasonably well. Thus, the results demonstrate that patterns of cortical functional coupling as reflected in both phase and envelope ICMs are strongly related to the underlying structural connectivity of the cerebral cortex.
Introduction

1
1 Hz and 150 Hz. By contrast, envelope ICMs correspond to coupled slow fluctuations, 18 typically on time scales of a few seconds to minutes, which can be uncovered by the 19 correlation of signal envelopes or signal powers. In general, ICMs can be studied with 20 a broad variety of invasive and non-invasive methods, ranging from single-cell 21 recordings to functional MRI. A widely used approach is the analysis of resting-state 22 fMRI functional connectivity, based on signal correlations [14] . Using 23 neurophysiological approaches, such as MEG, EEG, LFP or spike recordings, it 24 becomes possible to study ICMs across a broad range of temporal and spatial scales, 25 and in a spectrally resolved manner [11, [15] [16] [17] . The available data suggest that phase 26 and envelope ICMs may reflect the operation of distinct coupling mechanisms [1] . 27 The physical basis for the emergence of synchronized activity is the underlying 28 brain structure, specifically, structural connectivity between brain regions. In this 29 context, diffusion MRI has transformed the field by its ability to estimate the whole 30 brain architecture of structural connections in a non-invasive manner [18] . While 31 pioneer studies have demonstrated a tight association between the patterns of SC and 32 fMRI-based FC [19] [20] [21] [22] , the mechanisms underlying the two types of ICMs and their 33 relation to SC are only partly resolved. MRI-based structural connectivity remains 34 controversial and subject to debates regarding its ability to reliably map the actual 35 anatomical brain connectivity. On the one hand, it has been shown that tractography 36 is susceptible to a number of biases which result in a substantial number of false 37 positive findings [23] [24] [25] . On the other hand, tractography estimates appear fairly well 38 correlated with tract-tracing findings [26, 27] . In any case, the impact of such biases in 39 the context of computational modelling studies is still unknown. 40 Large-scale computational models have offered new mathematical tools for 41 explicitly linking SC to ICMs [10, 28] . In particular, extensive modelling has focused 42 on the relation of eICMs to the underlying SC. Most connectivity-based computational 43 models presented in recent years have in fact focused on describing regional 44 interactions at slow time scales. A variety of models have been developed for this 45 purpose that specifically consider the influence of parameters such as structural 46 weights, delays and noise on neural dynamics [10] . In addition, it has been shown that 47 such slow intrinsic interactions are strongly shaped by the characteristic structural 48 connectivity of the brain [29] . Remarkably, substantially different computational 49 models of the local network nodes can result in similar FC patterns [30, 31] .
50
Candidates for such similarities may include the underlying topology of brain networks 51 as well as a potential degeneracy of the measures defining FC [32] . Much less well pICMs appear also related to SC [33, 34] . 55 Against this background, the current study set out to pursue three hypotheses.
56
First, we hypothesized that envelope and phase ICMs are related to SC in a 57 complementary way depending on the frequency. Particularly, we presumed that phase 58 ICMs are more close to SC for high frequencies, due to their temporal precision [35] , 59 while envelope ICMs should show the opposite. Second, it is generally expected that 60 the best match to empirical ICM data can be achieved by using biologically realistic 61 models. And finally, we expected that computational models combined with 62 ground-truth structural connectivity data, as retrieved from retrograde tracer 63 injections, should have more predictive power compared to when used with SC 64 estimates from diffusion MRI tractography.
65
To test these hypotheses, we used data from a previous study where ongoing 66 activity of multiple cortical areas was recorded from awake ferrets (Mustela putorius 67 furo) using chronically implanted ECoG arrays [36] . The resulting recordings reflect 68 the brain intrinsic functional network organization. Additionally, we obtained different 69 types of SC estimates for the regions underlying the ECoG arrays [37] . Then we used 70 large-scale computational models to explore the ability to predict both types of ICMs 71 (Fig 1) . We found that simple computational models based on the SC topology 
Results
77
Intrinsic coupling modes were extracted from ECoG data of ongoing brain activity 78 recorded in a previous study on ferret brain dynamics [36] . The animal brain states 79 had been objectively classified into slow-wave sleep, rapid-eye-movement sleep and 80 awake periods, using a data-driven approach [36] . The present study focused only on 81 data from awake periods. Phase and envelope ICMs were computed for each carrier 82 frequency and between all pairs of electrodes using the measures of coherence and 83 power correlation, respectively. Then electrodes were assigned to cortical areas using 84 the atlas of Bizley et al. [38] , and ICM values were averaged between these areas and 85 across sessions and animals. Additionally, the corresponding structural connections of 86 these areas were assembled from a variety of approaches, particularly diffusion MRI 87 tractography [37] and retrograde tract tracing experiments in the ferret brain [39] [40] [41] , 
Structure-function relationship
95
Contrary to our first hypothesis, phase and envelope ICMs were related to SC in a 96 similar way, and thus independent of specific frequency bands (Fig 2) . Generally, we 97 observed a positive correlation between ICMs and SC, which increased with frequency. 98 Also, pICMs appeared more distant to SC compared to eICMs, and the distance 99 decreased with frequency for both ICM types. ECoG consists of 64 platinum electrodes distributed across three polymide fingers to enable the array to adapt to the curved surface of the cortex. From the resulting brain activity signals, phase and envelope ICMs were computed and mapped to the parcellation of the ferret cerebral cortex by Bizley et al. [38] . (B) Ferret cortex parcellated into 13 functionally and anatomically distinct regions according to [38] . 
Predicting intrinsic coupling modes
101
We employed two computational models of different complexity: the spiking attractor Influence of the sources of structural data
119
While diffusion MRI tractography is the only non-invasive approach able to map 120 whole-brain structural connectivity, one may wonder how its limitations (such as lack 121 of directionality) and potential biases (false positives) may affect the predictive ability 122 of connectivity-based computational models. When we compared the predictive power 123 of the SAR model on the basis of different types of SC estimates, only very subtle 124 differences appeared (Fig 5) . All three sources of anatomical data gave rise to similar 125 results, which is partly expected given that they are also to some extent 126 inter-correlated. While we cannot distinguish the anatomical data in terms of distance 127 between simulated and empirical ICMs, more pronounced differences appeared for the 128 correlation between simulated and empirical ICMs. Here, SC based on diffusion MRI 129 tractography and tract-tracing data had similar and higher predictive power than 130 structural connectivity data derived by homology relations from cat connectivity.
131
Discussion
132
In the present study, we investigated the relationship between structural connectivity 133 and intrinsic coupling modes in the ferret brain. We also explored and compared the Generally, we found that SC was strongly related to the ICMs and that a basic 138 autoregressive model best matched the empirical data. Overall, our results suggest 139 that phase and envelope ICMs during ongoing activity in awake ferrets strongly reflect 140 the anatomical organization of cortical networks.
141
In previous studies, envelope ICMs and their association with structural 142 connectivity were mainly investigated using fMRI data, where consistent positive 143 correlations between SC and eICMs were reported [19] [20] [21] [22] . Some recent studies have 144 extended and confirmed these analyses based on the refined temporal resolution 145 offered by MEG recordings [28, 44] . The relationship between phase ICMs and 146 structural connectivity has been explored using both EEG [33, 34, 45] model is a generic model of diffuse process on networks and is related to the 158 distribution of the network paths [43] . As such, and as it was previously observed in 159 resting-state fMRI FC studies [29] , patterns of functional interactions appear largely 160 dictated by the underlying topological scaffold of the brain. 
169
The present results are subject to several important methodological considerations. 170 First and foremost, despite a concept being widely adopted, brain connectivity (both elusive given its vague definition and a lack of clear interpretations [32] . We here 175 employed classic and widely used measures of coherence and power correlation as a 176 proxy for phase and envelope ICMs, respectively. While there is an abundant literature 177 which has provided meaningful insights into brain architecture using these measures, it 178 would be informative to see whether alternative definitions nuance the resulting 179 structure-function relationship. Regarding computational modelling, we make use of 180 standard models together with their default settings (except for the coupling strength). 181 For further refinement, it could be considered to optimize a larger number of 182 parameters or even to incorporate knowledge from external modalities including, for 183 example, receptor maps [48] or microscopic anatomical (laminar) details [49] .
184
Materials and methods
185
Intrinsic coupling modes
186
Intrinsic coupling modes were extracted from ECoG recordings of ongoing brain 187 activity in awake ferrets (Mustela putorius furo). Data had been recorded in a 188 previous study on five adult female ferrets [36] .
189
ECoG preparation and recording
190
To obtain the recordings from an extended set of cortical areas in freely moving rapid-eye-movement sleep and awake periods, using a data-driven approach [36] . The 205 present study focuses only on data from awake periods.
206
To control for drifting and movement related artefacts the electrodes were that exceeded this threshold. Then, notch filters were applied to remove line noise and 211 its harmonics (50, 100, and 150 Hz), and the data were downsampled to 700 Hz. All 212 data were visually inspected before further analysis to exclude ECoG or other electrical 213 artefacts. For the present study, we analysed, on average, 34 periods of 78 s per session 214 across animals (periods shorter than 10 s were discarded to increase statistical power). 215 Frequency analysis was performed on 60 logarithmically spaced frequency points method based on Hanning windows, and phase ICMs were computed across epochs.
223
The power correlation is a measure of the similarity between the power envelopes of 
227
To account for inter-animal differences in the position of the ECoG-array and thus 228 make cross-animal comparisons possible, ICM matrices were calculated at the 229 area-level using the atlas of Bizley et al. [38] . Each electrode was assigned to a cortical 230 area by a 'winner-takes-all' method using its maximum overlap, and the average ICM 231 values between these areas were computed. In total, 13 areas were covered by the 
236
All data analysis was performed using custom scripts for Matlab (Mathworks Inc) 237 and the Fieldtrip software [53] . 
245
PPc and PPr), the comparison of the different sources of structural connectivity were 246 only done for that subset. Data were partly retrieved from [37] .
247
Diffusion MRI tractography
248
High resolution MRI were acquired ex vivo from a 2 month old ferret using a small T2-weighted scan was acquired using a multi-slice multi-echo sequence with 18 echo 255 times and 0.12 mm isotropic voxels. Diffusion MRI scan was acquired using the 
259
Diffusion MRI were first visually inspected to exclude volume with artefacts. The 260 preprocessing steps included: local principal component analysis denoising [54] , Gibbs 261 ringing correction [55] , FSL-based eddy current correction [56, 57] and B1 field 262 inhomogeneity correction [58] . Tractography was performed based on the fiber 
275
All data analysis was performed using custom scripts for Python (Python Software 276 Foundation) and the MRtrix3 software (http://www.mrtrix.org/).
277
Retrograde tracer
278
Structural connectivity data from anatomical tract-tracing experiments on 2 years old 279 adult ferrets were obtained from [39] [40] [41] . The experiments examined the tracer. Refer to [39] [40] [41] for further details of the experimental procedures.
284
Cat homology
285
Given similar genetic profile [60] and analogous brain structures, i.e., sulci and 286 gyri [61, 62] , it is supposed that cats (Felis catus) and ferrets would also share 287 comparable connectional architectures. Thus, we used this homology to map the 288 structural connections, which have been extensively studied in the cat [63] , into the 
Computational models
294
We employed two computational models of different complexity. The SAN model, a 295 biologically realistic model of a large network of spiking neurons [42] , and the SAR 296 model, a basic statistical model capturing the stationary behaviour of a diffuse process 297 on networks [43] . All models incorporated a parameter that represents the coupling 298 strength between regions. This parameter was optimized separately for each model, 299 see Statistics section. Structural connectivity matrices were normalized before 300 simulations such that the matrices' rows sum to one [30, 64] . 
where D represents the structural connectivity matrix and e the input noise.
322
According to Eq 1, y is multivariate normal with covariance
where I stands for the identity matrix, σ 2 the variance of the noise, and ′ is the 324 regular matrix transposition.
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